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ABSTRACT 

Volatility and instability, two words that can perfectly describe any stock market, notably the 

Moroccan market. The sources may differ due to uncontrolled fluctuations such as the Covid-

19 crisis. The Casablanca Stock Exchange (CSE) has greatly suffered from this unprecedented 

health crisis. As a solution to anticipate these movements and avoid this kind of meltdowns, the 

use of deep neural networks has been recommended for prediction purposes. In this report, we 

propose to investigate the impact of both optimization algorithms and neuron connections on 

the performance of deep learning in stock price forecasting in the Moroccan market. This study 

will focus on the Moroccan All Share Index (MASI) as the main product of the CSE to predict 

its changes. The deep learning model selected is the Long Short Term Memory (LSTM), which 

is a type of the Recurrent Neural Network (RNN). The model will be trained utilizing the Python 

programming language. Different optimizers such as Stochastic Gradient Decent (SGD) and 

Adaptive Moment Estimation (Adam) as well as neuron connections are evaluated to determine 

their impact on the overall performance in terms of time and accuracy. In particular, we are 

interested in robust and sparse deep learning algorithms. Ultimately, this paper highlights the 

STEEPLE implications of the proposed model. Indeed, the added value of this project is to 

assist investors in preventing future losses in case of any potential exposures and especially in 

predicting stock prices to ensure consistent earnings which will help to evolve the Moroccan 

economy.  

 

Key words: Deep Learning, LSTM, MASI, Forecasting, Volatility, Accuracy, Crisis, Optimizer, 

Neuron Connections.  
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RESUME:  

Volatilité et instabilité, deux mots qui peuvent parfaitement décrire tout marché boursier, 

notamment le marché marocain. Les sources peuvent différer en raison de fluctuations 

incontrôlées telles que la crise du Covid-19. La Bourse de Casablanca a beaucoup souffert de 

cette situation inédite. Comme solution pour anticiper ce genre de movements et éviter ce type 

d'effondrement, l'utilisation de réseaux de neurones profonds a été recommandée dans un but 

de prédiction. Dans ce rapport, nous proposons d'étudier l'impact des algorithmes d'optimisation 

et des connexions de neurones sur la performance de l'apprentissage profond dans la prévision 

des cours boursiers sur le marché marocain. Cette étude se concentrera sur le Moroccan All 

Share Index (MASI) en tant que produit principal du CSE pour prévoir ses changements. Le 

modèle d'apprentissage profond sélectionné est le LSTM (Long Short Term Memory), qui est 

un type de réseau neuronal récurrent (RNN). Le modèle sera entraîné à l'aide du langage de 

programmation Python. De divers modèles de descente du gradient tels que Stochastique (SGD) 

et Adam ainsi que les connexions de neurones seront évalués afin de déterminer leur impact sur 

la performance globale en termes de temps et de précision. Plus particulièrement, nous nous 

intéressons aux algorithmes d'apprentissage profond robustes et épars. Finalement, ce rapport 

met en évidence les implications STEEPLE du modèle proposé. En effet, la valeur ajoutée de 

ce travail est de contribuer à aider les investisseurs à prévenir les pertes éventuelles en cas 

d'exposition potentielle et surtout à prédire les prix des actions afin de garantir des profits 

constants ce qui contribuera à l'évolution de l'économie marocaine.  

 

Mots clés: Apprentissage Profond, LSTM, MASI, Prévision, Volatilité, Précision, Crise, 

Algorithmes d’Optimisation, Connexions de Neurones.  
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Chapter I : INTRODUCTION 

In these modern times, the health and economic collapse of the country is becoming 

increasingly prevalent and irreversible. The appetite for new investments is constantly 

increasing, but these constraints create boundaries and slow down the growing process. 

Technology, especially deep learning, has proven to be an effective tool to improve investor 

foresight and to prevent such risks that would undermine stock market efficiency. To ensure 

high accuracy in the results, it is necessary to follow a couple of essential procedures that can 

be summarized as following: filtering and organizing data, training and testing the model, then 

predicting the stock prices.   

 

1. Project Description 

The major aim of this capstone project is to see the impact of various aspects on the performance 

of deep neural networks in forecasting prices. The elements of interest to us are optimization 

algorithms and neuron connections. The goal is to provide the most appropriate and accurate 

solution. To achieve the desired outcomes, several steps will be pursued. We will first introduce 

an overview of the Moroccan stock market, the Moroccan economy, and the financial system 

in Morocco. We will then focus on the financial product we intend to work with: the Moroccan 

All Shares Index (MASI). The aim behind choosing it, its history, and the factors that could 

affect its growth will all be covered. The historical data of the index will be retrieved from the 

financial website investing.com.  Then, we will expand on deep learning and provide a detailed 

description of its models and properties. The focus will be on the Long-Short Term Memory 

(LSTM) as a type of Recurrent Neural Network (RNN).  
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Data training and testing will be proceeded on Python employing a variety of optimizers as well 

as fully and sparse connections to finally compare and identify their effect on deep neural 

network application results in stock price projections. This project is intended to support 

shareholders and traders to make better decisions, encourage national investments, and mitigate 

potential exposures which will contribute directly to the growth of the Moroccan economy.  

 

2. STEEPLE ANALYSIS 

2.1. Societal Implications 

Moroccan investors need an enhanced strategy to be encouraged to trade more in the stock 

market despite the possible crises that may occur. This project entails the social implication of 

motivating these investors to make more purchases as they can better anticipate the market's 

movement through guaranteed forecasts in a shorter period and with more precision. 

 

2.2. Technological Implications 

The technological implication of this project is to use Deep Learning in the financial industry, 

to improve investors' ability to make the most profitable purchase decisions regardless of the 

perceived risks. To achieve this, we employ the Python language to implement our codes as its 

libraries, functions, and algorithms help to maintain an effective and clean record of work. Plus, 

to fetch the data needed for this project, various financial websites were used.  
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2.3. Economic Implications 

Heavy investment yields an active stock market which in turn fosters a better economy. By 

encouraging Moroccan investors to act and make the right decisions regarding their investments 

in the Moroccan stock market, ultimately results in a direct contribution to the increase in GDP 

due to the liquidity which will eventually revamp the economy. 

 

2.4. Environmental Implications 

For the environmental implications, this work is considered as green forecasting. Also, it can 

be said that it is not harmful to the environment in any way. 

 

2.5. Political Implications 

The political state and investment in the stock market have a positive relationship. The more 

accurate the predictions are, the steadier the market is, the more stable the political situation is. 

Conversely, political changes influence the movement of stocks in the market, hence investors 

have to consider this. Besides, our model adheres to all government laws and regulations. 

 

2.6. Legal and Ethical Implications 

Compliance with the domestic and global norms along with the integrity of ethical standards 

are paramount in our project. Asset prediction using deep learning methods is perceived as a 

highly ethical process and all measures taken to reach the final product do not infringe any laws.  
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3. Background  

3.1. Understanding the Moroccan Stock Market and the MASI Product:  

The Kingdom of Morocco is a destination that attracts many stock market investors from around 

the world.  It is therefore important to understand the reason for this interest by providing an 

insight into the Moroccan stock market. Also, to help improve the latter with our proposal, we 

need to understand the Moroccan economy, its financial system, as well as the product 

underlying this project, which is the MASI. 

 

 3.1.1. An Overview of the Moroccan Stock Market  

i. The Moroccan Economy : 

Over the past decade, the country's economic growth has proven to be moderate but also quite 

volatile. The development and activity of the Moroccan economy are determined by several 

leading resources and sectors such as: agriculture, phosphate minerals, tourism, services, and 

industry. Agriculture accounts for 14% of GDP with 45% of the Moroccan population working 

in this field. This is why the country still depends on this sector. Also, tourism has become a 

big strength of Morocco, increasingly enriching its economy [1].   

 

Moreover, the Kingdom's economic growth can be increased by improving the guaranteed 

minimum wage (SMIG), the foreign transfers made by Moroccan nationals (9% of GDP), also, 

by decreasing inflation, poverty, and unemployment rates. Besides, another feature that 

contributes to the evolution of the latter is the investment activity of the private and public 

sectors. This is related to the development of financial and capital markets as well as the 

liberalization of the Treasury's financing system [1].  
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With the aim of strengthening the liberalization of foreign trade, further integrating the 

Moroccan economy into the global one, and contributing to the consolidation of the 

international monetary system, Morocco has adopted an open economic and financial policy. 

In this regard, Morocco is committed to simplifying foreign trade procedures, eliminating 

NTBs, reducing tariff protection, diversifying economic and trade relations, improving the 

investment environment, and assist in strengthening the global trading system. This would 

enhance the financial and capital market which will lead to an enlargement in the economy [1].  

 

We would agree that the economy of the country is increasing through the years, but sometimes 

some flaws and imbalances affect this growth. The Covid-19 pandemic, for example, caused 

the worst recession of the global economy, notably, the Moroccan one. Indeed, the world’s GDP 

has decreased by 4.8%. Eventually, the GDP of Morocco has remained below the pre-pandemic 

state because of the general lock-down. It has lost 29.7 Billion MAD during the first 3 months. 

The recovery is still considered very slow and uncertain [2].  

 

ii. The Financial System in Morocco : 

The financial market is the engine of the economy, it is where wealth is produced. The 

Moroccan financial system is divided into two systems: the banks and the capital market. 

Firstly, the activity of banks has great control over the financial system. They ensure 

intermediary financing by offering the distribution of credits to the economy. Secondly, the 

capital market is a marginal actor in the non-intermediary financing of economic activities.  
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It intended to transform the financial system from an economy of debt with low economic 

efficiency to an economy of financial markets with an optimum allocation of financial funds 

[3].  

 

This market encompasses the money market, which has been almost non-existent for years, and 

the stock market. The Moroccan stock market is the source of financial resources for the 

economy. The country has been implementing institutional renovations for the latter since the 

90s, aimed at stimulating savings and creating a new financial impetus. This has been reflected 

in the indices of stock market activity shown at the Casablanca Stock Exchange, which has 

grown significantly [3]. 

 

iii. The Casablanca Stock Exchange : 

A stock exchange is a government-regulated market where publicly listed stocks and bonds are 

traded. The Casablanca Stock Exchange (CSE) is responsible for managing the Moroccan stock 

market. It is one of the oldest and leading stock markets in North Africa and the Middle East 

created in 1929. It is distinguished by significant volatility in market flows which captivate 

investors’ attention as it provides the opportunity for high profits. Monitoring it implies the 

identification of a series of pertinent indicators capable of permanently capturing the 

characteristics and movements of its stocks and shares. The CSE indices are intended to report 

to investors the daily performance of the stock market.  
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For a long time, the latter’s performance has been determined by a Global Stock Market Index 

 (GSI 1986). It has consistently ranked high with respect to its fundamentals, but the CSE 

needed to move towards new stock market trends. On January 2nd, 2002, new indices were 

introduced, well adapted to the modernized stock market conditions: MASI (Moroccan All 

Shares Index), MADEX (Moroccan Most Active Shares Index), their sub-categories, as well as 

some sectoral indices. The index of concern to this project is the Moroccan All Shares Index 

(MASI) as it has is characterized by its high volatility, and especially, it has contributed to the 

strengthening of the Casablanca Stock Exchange since its creation [4].  

 

  3.1.2. The Moroccan All Shares Index 

i. Overview : 

The choice of working with the Moroccan All Shares index in this project is based on several 

reasons. The MASI is a fundamental index that optimally tracks the evolution of all Moroccan 

companies listed on the CSE. It is generally referred to as MASI Float because its calculation 

is based on the idea of floating. Since its creation, the stock market has experienced a significant 

increase in its performance. In addition, it has contributed to the expansion of the CSE's 

international competitiveness, which has encouraged the inflow of foreign currency in large 

numbers. In fact, MASI offers to investors the possibility of better anticipating the evolution of 

the share price according to the economic activity of the sector, but excluding the consideration 

of external factors. The product is regularly updated to reflect any changes in economic activity 

for greater transparency and efficiency [5]. 
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ii. History : 

 From 2002 to 2004: The launch of this index was on January 1st, 2002 with a base of 

1000.  According to the historical data, it began to gradually rise until it reached 4000 

by the end of 2003. In 2004, the calculation of the index has been changed and was 

converted to floating capitalization as below [5][6]: 

𝑰 = 𝟏𝟎𝟎𝟎 
∑ 𝒇𝒊,𝒕. 𝑭𝒊,𝒕. 𝑸𝒊,𝒕. 𝑪𝒊,𝒕

𝑵
𝒊=𝟏

𝑩𝟎. 𝑲𝒕
 

 Where:    

  N: number of values in the sample. 

  t : calculation time. 

  𝑓𝑖,𝑡 : floating factor. 

   𝐹𝑖,𝑡: upper limit or capping factor. 

  𝑄𝑖,𝑡 : total number of shares of the security i in t. 

  𝐶𝑖,𝑡 : price of the security i in t. 

  𝐵0: basic capitalization as of 31/12/1991.  

  𝐾𝑡 : adjustment coefficient in t of the basic capitalization. 

This new approach entails valuing the MASI securities’ weights based on the public 

shareholding and not on the total capital anymore.  

 

 From 2004 to early 2007: The index kept rising and evolving. Several large companies 

have been established. Eventually, 2006 was the year marked by the highest growth of 

MASI with a percentage of 71.14%. This result is explained by the high volume of initial 

public offerings (IPOs) [5][6]. 
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 From 2008 to 2012: In 2008, the stock market has been exposed due to the global 

financial crisis that erupted; the MASI has indeed faced a collapse for the first time. As 

a result, the stability of the Moroccan market was compromised, as was the case for all 

other stock markets. According to CSE annual report, the value of MASI dropped by  

 

13.48%, nevertheless, it still succeeded in securing the second-best performance in the 

world. While trying to catch up, the Moroccan economy's poor performance in the 

agricultural sector led to a further 16% decline in 2012 [5][6].  

 

 From 2016 to 2018: The index has been growing since that time, attaining greater 

success year after year thanks to the implementation of new technologies that improved 

its performance. By 2016, the CSE witnessed a favorable upgrade to the MASI index. 

This has enabled the Moroccan market to rank 4th among African exchanges in terms 

of capitalization in 2018 [5][6]. 

 

 From 2020 to Today: In March 2020, the world faced another type of disruption which 

is the Covid-19 health crisis. This time was different, the MASI product sank into an 

unprecedented meltdown and it still hasn't recovered until this moment. It started the 

year with a value of 12,633.57 points on January the 22nd and fell sharply to 9,704.85 

points in March; a sharp decrease of 28.85%. This lost percentage is mainly a reflection 

of the falling Moroccan economy in all sectors [6].   
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Figure 1:Chart of the MASI movements from JAN 2002 up to Today 

 

iii. Factors Affecting MASI Growth : 

According to the history of the MASI, its performance can be influenced by several factors: 

internal causes such as the lack of liquidity and transparency, and external ones such as the 

immaturity of the Moroccan financial market, the weakness of the financial transactions and 

their quality, the stagnation of this market, and finally domestic or global crises.  

 

 Impact of Covid-19 Pandemic:  

As stated earlier, with regards to the global health crisis, the MASI has really suffered from its 

consequences. A dramatic percentage has been lost due to falling profitability levels of the 

registered companies. This decline was very worrying as it threatens the performance of the 

Moroccan stock market. For instance, at the beginning of March 2020, the Casablanca Stock 

Exchange recorded the biggest drop in its history. This can only prove the inevitable economic  
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collapse that the country is confronting. As a result, a climate of uncertainty among investors 

has prompted greater caution and retreat from the market [7]. There is no doubt that from the 

end of July 2020 a new ray of light has started to appear. To date, the index value has begun to 

increase; however, it has not yet resumed its full strength and success. 

 

 

Figure 2:Chart of the MASI movements from JAN 2020 up to DEC 2020 

 

3.2. Deep Learning Fundamentals: Structures and Models :  

Understanding the fundamentals of the technology and the model chosen to be used in this 

project is very important. The question that might intrigue you is: why use deep learning? To 

be precise, why use deep neural networks?  
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3.2.1. Deep Learning 

People nowadays are becoming more familiar with the terms artificial intelligence and machine 

learning. Deep learning represents an advanced sub-field of both concepts that involves the 

application of complex algorithms derived from the structure of the human brain. It can operate 

easily with a large scale of trained data, run sophisticated algorithms, deal with different types 

of neural networks, also generate and extract features systematically [8].  

 

The exceptional performance of deep learning through the years has encouraged its application 

in many fields. Multiple computer vision tasks can be accomplished with deep learning such 

as: image classification, object detection, semantic segmentation, instance segmentation, and 

also time series prediction. Deep learning methods are adept at making accurate predictions by 

stimulating large unstructured data using non-linear approaches without the need for human 

interaction [8]. 

 

This technology is supported by neural networks that imitate the neurons of the human brain. 

Its techniques have been proven to be more effective than any other technology thanks to its 

architecture. Deep architectures encompass multiple variants. Each one has been successful in 

its domain. A simple Artificial Neural Network (ANN) has only one simple hidden layer. A 

deep neural network is a multilayer cell of a simple ANN.  It is considered deep once it has two 

or more hidden layers [8].  
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Figure 3: Simple vs Deep Neural Network with three hidden layers 

 

 3.2.2. Neural Networks:  

Neural networks represent mathematical constructs that are designed to make predictions for 

either simple or complex tasks. The word “neuron” is the major component of a neural network. 

When this latter reaches a certain level of complexity, it is considered as a Deep Neural Network 

(DNN). Its enigma is in the hidden layers: that’s what “deep” refers to. The greater the number 

of these layers, the deeper the network;  the better the performance. Indeed, a DNN usually 

makes the most thoughtful and accurate judgments. Each type of it has a distinct approach that 

allows it to excel in its field of expertise [8].  

 

The initial stage of the process is called the input layer. A set of large data must be built and 

provided to the DNN for better training. Then, it is followed by the hidden layers where the 

whole analysis is done. This step produces a kind of “memory” that helps in decision-making 

over time. And finally, the output layers where the results of training, testing, and computations 

are provided [8].  
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There are many types of neural networks in deep learning. Among the classes of DNNs, we can 

state: conventional neural networks and recurrent neural networks. This study aims at targeting 

recurrent neural networks (RNN) because of the reliability of their predictions. To be precise, 

the focus will be on a specific type of this model which is the long and short-term memory 

(LSTM). 

 

i. Recurrent Neural Network (RNN) : 

RNN is a powerful type of neural network because it is the only product containing an internal 

memory. It acts similarly to the human brain when it reads a sentence and understands the 

meaning based on each word and its predecessor. Indeed, this model is a supervised model that 

has one fundamental characteristic: its activation functions operate in a loop, which ensures the 

recording and persistence of inputted information.  

 

Figure 4: RNN loops 

 

RNN is known as a model with a core aspect of feedback connections and backpropagation. 

This sequential processing makes the network outstanding in regards to other types of neural 

networks. However, in the case where there is a huge gap between the input data and the 
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information, RNNs become inadequate to link the two. This can be explained by the use of the 

gradient descent method to update the weights between its neurons. The update of the weights 

is done from right to left, so the RNN can easily forget old data. A more sophisticated type of 

RNN is used to prevent this kind of crash especially for forecasting problems, it is called the 

Long Short Term Memory (LSTM) [9].  

 

ii. Long Short Term Memory (LSTM) : 

Long short-term memory cells have been employed to improve the memory performance of 

normal recurrent cells. From its name, we can conclude that it is a matter of memory; it forgets 

a piece of past data to leave room to memorize current information. This model surmounts the 

problems of "long-term dependency”, enabling information to be remembered for a long time. 

For problems requiring very long input chains, such as time-series data forecasting, the gates of 

Oblivion are essential, which is why LSTM is known to be a very effective model used for 

sequential data analysis [9].  

 

 

Figure 5: LSTM’s cell architecture. 
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An LSTM network is composed of different components responsible for memory management 

and information storage. The forget gate f(t) with sigmoid activation function that determines 

which non-useful information will be removed from the cell's state. The candidate layer c(t) 

with Tanh activation function. The input gate i(t) with sigmoid which is in charge of updating 

the system with any new relevant information needed for the training. The two vectors hidden 

state h(t) and memory state Č(t). Finally, the output gate o(t) with sigmoid that works by sorting 

the most appropriate information to be emitted. The mathematical implications of the 

architecture above can be presented as follow:  

 

 𝑾𝒏 & 𝒃𝒏  are the weight vectors for the gates, 𝒙𝒕 is The input vector, 𝒉𝒕−𝟏 is the previous cell 

output, 𝒄𝒕−𝟏 is the previous cell memory, 𝒉𝒕 is the current cell output, and 𝒄𝒕 is the current cell 

memory [10].  

 

The LSTM workflow can be decomposed into a few basic steps. Once an activation function is 

applied, the gates produce vectors for every time step: for sigmoid [0,1] and for Tanh [-1,1]. 

The memory state depends on the previous memory and the forget gate. If the latter’s value is 

0, the previous memory is forgotten, if it’s 1 it is passed directly to the cell. Then the current 

memory state gets passed to the next time step to finally get the output [9] [10]. 
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The challenges of gradient vanishing in RNNs are indeed solved with LSTM. Considering its 

strong performance in modeling sequence data such as time series and financial transactions, 

the code implementation will be based on the LSTM model. The aim is to achieve better results 

in stock price forecasting and to guarantee high accuracy [9] [10].  

 

3.3. Deep Learning in Finance:  

The art of deep learning approaches, the evolution of its technologies, tools, and skills have 

brought incredible growth to the financial industry over the past few years. It enabled the sector 

to become more efficient, more focused, and more rewarding for its stakeholders. The use of 

DL models and properties has contributed to the implementation of several facilities within this 

industry [11].  

 

Involving this technology in the machines allowed to make multi-billion dollar transactions in 

microseconds every day. DL models do not assist large financial firms in algorithmic trading 

only, they are utilized in more complex subjects: the forex and cryptocurrency market, stock 

price forecasting, risk management, portfolio construction, fraud detection, and credit 

assessment [11].  

 

As far as we are concerned, time series forecasting, stock prices to be more precise, remains the 

most difficult task. The objective of using DL models in the finance industry is to build an 

algorithm that helps minimize the margin of error and ensure the highest possible accuracy in 

predictions. The maximum amount of available historical data have to be considered [12].  
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The LSTM model is recommended for this latter as it is the most popular approach for 

estimating stock markets because it is more adapted to sequential data. More specifically, the 

model should be trained in conjunction with an appropriate optimization algorithm along with 

a suitable loss function. Also, it has to be operated with convenient connections depending on 

the data and the chosen model in order to achieve high precision in a short time [12].  

 

As we move towards the implementation of the code and its results that will follow, we will be 

able to choose the right model approaches to meet our intentions. For this, we will visualize the 

impact of different optimizers and layer connections on the performance of deep learning 

models in the MASI product prediction, especially during the coronavirus period.    
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Chapter II: DATA DESCRIPTION and METHODOLODY 

1. Data of Study:  

The data chosen for this project is the historical data of the Moroccan All Shares Index over 

2485 days ( From JAN 2011 to DEC 2020) with 243 entries to be able to catch the covid-19 

meltdown. It was extracted from the financial website “investing.com” [6]. This platform 

provides the historical data of all the products listed in the CSE. We purposely chose this index 

because it represents all active stocks on the Moroccan stock market. It was somehow active 

during the past years; therefore it will allow us to capture its volatility. Moreover, its 

fluctuations have an important influence on the performance of the Casablanca Stock Exchange. 

This dataset has been downloaded as a .csv file, filtered, and sorted to be ready for training and 

testing. This organization is accomplished through the use of Excel. Several inputs give us an 

impression of MASI in the uploaded data such as opening and closing prices, highest and lowest 

prices, as well as percentage change for each day of the period selected. All the necessary steps 

to obtain the most consistent data have been followed to assure high accuracy when training our 

LSTM model.  

 

Figure 6: Overview of the first 5 rows of data 
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2. Methodology:  

2.1. Code Setting and Framework:  

2.1.1.  Python Language:  

In recent years, Python has become the reference language for deep learning. It is a powerful 

and versatile language that can be used for a variety of tasks. Above all, it is simple and easy to 

master, especially because the syntax is less complex than that of other programming languages. 

This allows programmers to save time; instead of writing complicated scripts and solving 

technical bugs, they can focus more on developing their simple codes to obtain the targeted 

output. Moreover, Python is known for its libraries specializing in machine learning, including 

DNN, which enable it to learn about this discipline. Those advantages encouraged us to adopt 

this programing language for our project. Nevertheless, the use of the latter alone would take 

us an eternity to accomplish our tasks. For this reason, we have opted for some Python 

frameworks and libraries to expedite the process.  

 

 2.1.2 Google Colaboratory: 

Google Colaboratory or Colab is a free platform that enables us to train our deep learning 

models online for free on GPUs and TPUs. Because it runs in the cloud, it is easy to set up, 

access, save, and share.  We chose to implement our model on Google Colab because it is a 

deep learning project that nictitates the use of a GPU to be well trained without taking too much 

time. Also, it has an already pre-installed deep learning package of libraries that are much 

needed for our project such as TensorFlow and Keras. We can install further packages or update 

the already existing ones easily. Plus, no matter how large the data is, it can easily be imported  
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either from the drive or from other related platforms like GitHub.  The advantages of this virtual 

machine tempted us to operate with it since we are looking for efficiency with minimum time 

loss. 

 2.1.3. Libraries: 

i. TensorFlow: 

Deep Learning is a sophisticated discipline, but there are tools in place to simplify its 

implementation. Among these resources, we find the TensorFlow framework. It is an 

innovative toolbox for large numerical simulation and deep learning that is compliant with 

the Python language. It simplifies the process of acquiring data, training Deep Learning and 

Neural Networks models, generating predictions, and improving future performance. It 

provides high and low-level APIs for training data. This library can be used to train and run 

deep neural networks for many purposes, for instance, stock price predictions. This is why 

it is the first library that will be imported for our code implementation [13].  

 

ii. Keras : 

Keras is a Python library for developing and maintaining deep neural network models. It is 

considered the leading high-level API for neural networks. It allows the implementation of 

simple lines of code to train deep learning models on GPUs and CPUs. This library will be 

used on top of TensorFlow to help us build our LSTM model and avoid any overfitting. 

Indeed, in this project, Keras is deployed as a support for the main TensorFlow library to 

ease some operations at the layer construction level [14].  
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iii. NumPy, Pandas, & Matplotlib : 

The three libraries NumPy (Numerical Python), Pandas, and Matplotlib are employed to 

provide efficient and simple data structure, analysis, and plotting. We will use NumPy to 

structure and reshape the data into multidimensional arrays and perform some linear algebra 

calculations. Using Panda will allow us to clean and analyze the data.  Matplotlib is a 

visualization library, meaning we will utilize it to plot our two-dimensional graphs to 

visualize our results [15]. 

2.2. Proposed Implementation Process:  

In order to implement our LSTM model, there are several steps that we will follow to reach our 

results:  

 The libraries will be imported to the virtual platform Google Colab.  

 The historical data of MASI index will be prepared, uploaded, and read as seen above. 

We will import the latter using different time laps (1 year, 3 years, 5 years, 10 years).  

 The data will be pre-processed by scaling its features and make values between 0 and 1.  

 The data set will be divided into two parts: training (90%) and testing (10%). 

 The features will be converted and reshaped into arrays using NumPy. 

 The models’ architecture will be built: four LSTM layers, Dropouts, and one Dense 

layer.  

 The training of the model will follow, we will compile and fit the LSTM network using 

different types of optimization algorithms ( SGD, Adam, AdaGrad, AdaDelta, 

RMSprop), the mean squared error (MSE) as a loss function, 100 epochs, and 32 batch 

size.  

 Finally, we will visualize and evaluate the performance of our model in predicting the 

MASI price a couple of days ahead of time.  
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2.3. Execution:  

2.3.1. Imported libraries and Data Processing:  

To start the MASI index price predictions using LSTM, we set the runtime type in Google Colab 

on GPU for fast processing. Then, we started by importing some pre-installed packages needed 

for computations and model building, as shown in Figure 6. The code was inspired by “George 

Pipis”. 

 

Figure 7: Imported Libraries 

 

Following this, the data was loaded from the local files. We first downloaded the historical 

MASI data of the year 2020, then of JAN 2018 to DEC 2020, then of JAN 2016 to DEC 

2020, and finally of JAN 2011 to 2020. (Figure 7) 

 

Figure 8: Data loading 

 

https://predictivehacks.com/author/george/
https://predictivehacks.com/author/george/
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We opted to train the closing price of the MASI, which refers to ['Price'] in our case. We 

chose to train 90% of the input data and leave the remaining 10% to test the accuracy of the 

model predictions. Moreover, we scaled the data in the "train" dataset using the 

MinMaxScaller() function to simplify, and reduce it. 

 

Figure 9: Feature Scaling 

 

Next, we created a data structure with 60-time steps, which means that the look bag or lag 

values are set to 'lb=60'. Here, at each time t, the model will look at the previous 60 days to 

make new predictions. In addition, the data was reshaped to a form that can be understood 

by the LSTM model and will allow us to use its layers. (Figure 9) 

 

Figure 10: Data Structure Creation and Reshaping for training and testing set 
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2.3.2.  Building the deep neural network model:  

i. Fully Connected Network : 

The next step consists of building the LSTM model. The objective is to create a multi-layer 

LSTM neural network. We initialized the model sequentially, then used 4 fully connected 

LSTM layers of 50 units, and a fully connected output layer via Dense. (Figure 9)  

 

 

Figure 11: Building the LSTM network 

 

In order to compile the built model, we used different types of optimizers to assess their impact 

on the performance of the latter. We began by using the "SGD". The loss function was set to 

the mean square error to evaluate how this algorithm will handle the training. Together, an 

optimizer and the loss function will help us figure out whether the predictions deviate too far 

from the actual prices or if they are adequate. (Figure 10) 

 

 

Figure 12: Compile the model 
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Once the model was compiled, it was time to train it. For this step, we chose 100 epochs along 

with a batch size of 1 ( a small range of data 2020) and 32 (large range of data) to fit this 

model to the history and check for losses and overfitting. Training takes time, the more 

epochs, the longer it takes. Nevertheless, the more epochs, the better the accuracy.  

 

Figure 13: Model training at the first epoch example 

 

In Figure 12 below, we can see the LSTM training summary using SGD as optimizer, 100 

epochs, 32 batch size, data from JAN 2011 to DEC 2020.  

 

Figure 14: Model Summary (FCN) 
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ii. Sparse Connections : 

 

Figure 15: Types of Neuron Connections 

Figure (15) gives us an idea of the difference between the two neuron connections that will be 

used in our implementations. In general, we adjust the network by removing connections with 

small weights. Within each layer of the network, a percentage of the layer weights that are 

closest to zero in magnitude is selected to be pruned [16] [17]. Here, we are going to implement 

the same previous script. We are going to work with historical data of MASI from 2011 to 2020. 

Plus, we will compile the model with an ADAM optimizer, and set the MSE as a loss function. 

Then, we will train it using 100 epochs and 32 for the batch size. The only difference is that we 

used the Dropout regularization method when building the network, and gave it a value of 20%, 

30%, and 50% respectively. We will sparse the connections in all the LSTM hidden layers as 

well as the Dense layer.  

 

Figure 16: Build the model with sparse connections 
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Figure 17: Model Summary (SCN) 

 

 2.3.3. Plotting results:  

Now that the training process is complete, and the testing is ready. We will plot all the results 

to see how well they predicted the actual MASI price values for the in-sample and out-of-sample 

forecasts. (Figure 13 & 14) 

 

Figure 18:Graph generation for in-sample predictions 
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Figure 19: Graph generation for out- of-sample predictions 
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Chapter III: RESULTS and DISCUSSION  

1. Results: 

1.1. Different time laps:  

The first run was to use data of different lengths. Indeed, we started by training MASI prices 

during 2020, then MASI prices between 2018 and 2020, followed by MASI prices from 2016-

2020, and finally training MASI prices between 2011 and 2020. Deep learning models are 

known for the fact that the larger the data, the more accurate the predictions. We will see if this 

holds true. To compile the model, we worked with the stochastic gradient descent optimizer,  

batch size of 1 for 2020 and 32 for the others. Then we got the following results: 

Table 1: : LSTM Results of MASI index predictions using several data points: 

Years In-Sample Predictions (TRAIN) Out-of-Sample Prediction 

2020 

  

JAN 

2018 

– 

DEC 

2020   
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JAN 

2016 

– 

DEC 

2020  

 
 

JAN 

2011 

– 

DEC 

2020 
  

 

 From the visualizations above, we can clearly see how our model responds to all the 

different cases. We can deduce that it cannot predict well when we feed in data from a 

single year. The curves are very far from each other or even irrelevant.  

 When we uploaded 3 years (2018-2020), the predictions were quite fair for training and 

testing results, but still not accurate. At least it predicted well the behavior of the index. 

 For the 5-year case (2016-2020), we can notice that the actual and predicted prices are 

very close. Yet, the gap between the out-of-sample predictions is a bit distant.  

 In the last case, where we have uploaded 10 years of historical data, we can see on the 

graphs how accurate the predictions are and how the performance of the LSTM has 

evolved.  Therefore, the larger the input data, the better the forecasting accuracy. 
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1.2. Different optimizers:  

Successful optimization plays a key role in deep learning. Significant model performance is 

often the result of good optimization techniques. This is why we will employ different 

optimizers in order to choose the best one for our model and notably assess its importance.  

 Types of optimizers used:  

SGD: Stochastic Gradient Descent is a widely used and practically the ultimate optimization 

approach for deep learning tasks. The SGD is less complex in terms of calculations. It 

computes the gradient of the Loss function for the training data set. Furthermore, it updates 

its understanding of the geographic coordinates of each data point at each time step to 

achieve high accuracy, which consumes time [18]. 

 

Adagrad: It is a gradient algorithm that accommodates the learning process by adding 

learning rates to the parameters. It provides smaller updates for mechanisms associated with 

frequent features, and larger updates for mechanisms associated with uncommon features. 

It can be used for sparse data examples [18].  

 

AdaDelta: It is a derivative of Adagrad. It tends to reduce the decreasing learning rate. It 

limits the window of accumulated past gradients to a fixed size. It focuses only on the 

average of the previous gradients squared with respect to the current gradient [18]. 
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RMSprop: RMSprop is in fact similar to the first update vector of Adadelta. It is proposed 

by Hinton and its aim is to divide the training rate by an average of exponentially vanishing 

square gradients [18]. 

 

ADAM: Adaptive moment estimation is an alternate approach that computes adaptive 

learning rates to update every parameter. It does the same function as RMSprop and 

Adadelta, also, it maintains an exponentially decreasing average of past gradients. It only 

adds momentum and bias correction which helps it outperform the other similar 

optimization algorithms [18].  

 

Figure 20: Summary of update rules of optimization algorithms 

 

In this section, all predictions were based on MASI prices between JAN 2011 and DEC 2020. 

Many optimizers have been used, though, to visualize their impact on the models' performance 

in predicting the prices of the index. To fit the LSTM to the training set, we set the epochs to 

100, the batch size to 32, with the loss function fixed at MSE. 



 

 

 

 

34 

Table 2: Graphs of prediction results using different optimization algorithms: 

Optimizer In-Sample Predictions (TRAIN) Out-of-Sample Prediction: 243 days 

ADAM 

 
 

SGD 

 
 

AdaGrad 
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AdaDelta  

  

RMSprop 

 

 

 

Table 3:  Mean squared error and training time of TABLE 2 graphs : 

Optimizer Training Time Time/step MSE Loss average 

ADAM 410s 4s 61ms 0.000232  

SGD 433s 4s 63ms 0.000355  

AdaGrad 443s 4s 64ms 0.002634  

AdaDelta 431s 4s 62ms 0.004273  

RMSprop 453s 4s 65ms 0.000953  

 

 



 

 

 

 

36 

 According to the graphs in Table 1 and the values in Table 2, we can notice that when 

we used ADAM to compile our LSTM model, we achieved high accuracy. The curves 

are almost identical. For this optimizer, the mean square error is the smallest and the 

training time is lower than the rest.  

 The SGD also gave us promising results, the actual and predicted curves are very close 

for both in-sample and out-of-sample plots. In addition, the MSE is very weak and the 

timing is good.  

 Adagrad and Adadelta gave us almost the same results, the predictions were far from 

the actual prices, especially in the test data set plot. They both have a high loss compared 

to the others.  

 Finally, the RMPprop also performs well. The plots are adequate in terms of capturing 

the volatility, and the MSE value is acceptable; however, it takes much longer to train 

than all the other optimizers. 

 

1.3. Fully vs Sparse Neuron Connections:  

Before moving to the results, let’s give a quick insight into Sparsity. In fact, it is not necessary 

to consider all the connections between layers and nodes to make predictions. Recent researches 

have proven that using sparse connections is much less time-consuming than when we use fully 

connected networks. For example, an FCN uses all the weights, whereas SCN could eliminate 

the weak weights that are near 0 and prevent overfitting; it is called pruning. This technology 

is still in the process of research [16] [17]. There are several types of connection sparsity: node 

sparsity, layer sparsity, or a combination of the two. (Figure 21) 

 



 

 

 

 

37 

 

Figure 21: Types of sparse connections 

 

To visualize the impact of connection between neurons on the performance of our LSTM model 

in forecasting the future MASI prices, we chose to work with both fully connected networks 

and sparse connections with different percentages when building the architecture of the 

project’s model. Indeed, both were compiled with the same optimizer ‘ADAM’, the same 

number of epochs ‘100’, and the same batch size ‘32’. Below are the results of our findings:  

Table 4: LSTM Performance with Fully VS Sparse Connections: 

Neuron 

Connection 

Training with F & S connections Testing with F & S connections 

Fully 

Connecte

d 

Network 
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Sparsely 

Connecte

d 

Network 

20% 

dropout 

 
 

 

 

 

Sparsely 

Connecte

d 

Network 

30% 

dropout 

 
 

Sparsely 

Connecte

d 

Network 

50% 

dropout 
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Table 5: Time and loss of Fully and Sparse Connections: 

Network Connection Time/step MSE 

Fully Connected Network 4s 61ms 0.000232 

Sparse Connection 

20% dropout  

1s 12ms 0.0075 

Sparse Connection 

30% dropout 

1s 15ms 0.0237 

Sparse Connection 

50% dropout 

1s 16ms 0.0666 

 

From Tables 4 and 5, we can visualize how the full and sparse connections can have an impact 

on the performance of the models in predicting the index prices.  

 By using the full connection, the actual and predicted price curves are almost identical 

for the training and test datasets. The results are outstanding. However, the processing 

requires some time, [4m 61ms per step], yet its loss is very small, which means that the 

accuracy is very high.  

  The sparse connection graphs can demonstrate how the latter performed. They are quite 

good at predicting the beginning of the training set, along with the overall behavior of 

the index. Indeed, it could capture the MASI’s volatility. But then, the bigger the value 

of the dropout regularization in the LSTM and DENSE layers, the more it deflects, and 

the gap between the actual and predicted prices becomes larger. This indeed affected 

the test predictions as shown in the graphs (Table 5). For the case of 20% dropout, we 

can observe that the two curves are still not too far from each other. Regarding the 
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timing, the training with sparse connections took only 1s 12ms per step, 1s 15ms, 1s 

16ms respectively, which was pretty fast.  

 

2. Discussion:  

From the beginning, our project aimed at knowing the impact of optimizers and neuron 

connections on the performance of the deep neural network in forecasting stock market prices.  

Now that we have reached some conclusions in our investigation, we can point at the most 

important ones. 

 

2.1. The Impact of Optimization Algorithms:  

Based on our results, the best optimizers in terms of time and accuracy are the ADAM and the 

SGD. The Adam achieved the highest accuracy with the lowest training time and time per step. 

The SGD also performed very well in terms of accuracy. I find these results quite normal 

because, in deep learning, these optimizers are considered the best for handling time series 

prediction. The Adagrad, and Adadelta caused a week performance of the model, perhaps, it is 

because of their update equation. Both can be good in other applications, but not in time series 

forecasting. RMPprop has surprisingly performed well, which I didn’t expect much. But, using 

it can be time-consuming. Consequently, it is very crucial to choose a proper optimization 

algorithm to compile the model depending on the area of application. In essence, this step is the 

core of the neural network training process that determines how good or bad the performance 

could be.  
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2.1. The Impact of Neuron Connections:  

The use of sparsity can be very significant in other neural network applications [19]. It can also 

be more effective in time series forecasting, but it still needs a lot of study and research. It is 

important to understand how to choose connections, weights, layers, and nodes to build an 

architecture that can help us improve the performance of models. In our case, fully connected 

networks have resulted in better outcomes in terms of accuracy. The use of both: a fully 

connected Dense layer and hidden layers decreased the loss and increased the accuracy. 

Regarding time, sparsity saves a lot of time in training the model, it took about 1s per step in 

the three cases compared to 4s 61ms per step when using FCN, which is expected since the 

architecture is much lighter. Besides, we can add that the bigger the percentage of sparsity in 

the process of building the model, the weaker the accuracy, and the longer the time it takes for 

training the latter.  

3. Limitations:  

Several limitations have been faced. First, the process is time-consuming. We had to train and 

test the model repeatedly to get the desired results. Sometimes the internet connection itself 

doesn't help us to complete our task, so each time we start from scratch. Second, there is a 

shortage in code implementations especially the algorithms used in the previous codes. It is 

called opacity and is referred to as algorithmic opacity. This state is considered as the lack of 

information in regards to algorithms previously learned by the machines. In deep learning, the 

machine's optimizations based on the training data do not automatically fit with human semantic 

explanations, it builds its own representation of any classification decision. This makes things 

harder to understand for us. Also, relying on this type of model only in real-life trading and 

investments is not enough. The predictions using deep neural network models could have high 

accuracy; however, it takes time. Predicting future prices of any stock or index in the CSE needs 



 

 

 

 

42 

more precision, transparency, and reliability, one cannot jump and trust the power of DNN 

performance solely. Finally, there have been many estimates and written statements about the 

use of sparsity, but still, there are no concrete and well-detailed demonstrations. This type of 

connections still needs more research and application. One must beware of its properties 

because, sometimes, it can mislead the understanding of the reader. 
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CHAPTER IV: CONCLUSION and FUTURE WORK 

Enhancing solutions to critical challenges in finance would lead to greater efficiency, 

transparency, better decision making, and new stock market innovations that would certainly 

trigger more investors. This is the main motivation behind the use of deep learning technologies 

in the finance sector. This capstone project proposed the LSTM model to predict the future 

values of the MASI index, as it is considered the best DNN model for stock market predictions.  

 

The obtained results have proved to be promising. Indeed, the in-sample and out-sample results 

confirmed that the model is capable of plotting the closing prices of MASI for the upcoming 

days. Also, it could catch the unexpected fall because of the covid-19. Thus, the latter is likely 

to be an effective tool for Moroccan investors that can help maximize profits and avoid potential 

risks. First, the use of large data gives us better forecasting results. It helped us capture the 

meltdown due to the Covid-19 pandemic.  

 

Second, the use of different optimization approaches has enabled us to visualize their impact 

on the performance of the LSTM model used regarding time and accuracy. Without these 

algorithms, we will never be able to compile the neural network and obtain favorable results. 

Therefore, the more appropriate the optimizer, the higher the accuracy. From the discussion, we 

could identify that the best optimizers to consider in the case of stock market predictions are 

ADAM and SGD.  

 

Third, regarding the connections of neurons, we could indeed visualize the impact of fully 

connected neurons and sparse connections at the layer level of our proposed model. However, 

for the sparsity approach, I think that some theoretical studies should be applied to obtain more 
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accurate results because the strong point of these connections is time only. With more research, 

we could choose which element to sparse, and manipulate those connections. In conclusion, the 

fully connected network performed better than the latter, but sparsity saves more time when 

training and testing the data. This is the reason why I intend to develop this project further and 

focus on all aspects of sparsity.  

 

Future work:  

As future work, I recommend the use of sparsity with all its associated features. I will try to 

develop an implementation of code to solve the enigma of which layers and nodes to select and 

which to eliminate to see their impact on the performance of LSTM in asset prediction. It is 

very important to know how to overcome these challenges. Solving them can be the beginning 

of a great opportunity that will lead to huge profits in the future with considerable time savings. 

Let's not forget that the key terms are shorter time and better accuracy, so finding the best model 

that encompasses both would be very useful. Sparse connections have been proven through this 

report to be fast in processing. Thus, for great results in terms of accuracy, this will require 

further research and extensive testing. 
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APENDIX A: INITIAL SPECIFICATIONS 
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THE PERFORMANCE OF DEEP LEARNING IN FORECASTING ASSETS IN THE 

MOROCCAN MARKET 

LAAYOUNI L  
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Forecasting assets is a complex and a sensitive process caused by the diversity of factors 

involved; notably volatility and lack of stability. It is the reason why multiple statistical, 

mathematical and programming tools have been used to ensure more accuracy in predictions. 

The main purpose of this capstone project is to investigate on the impact of the deep neural 

network connections and optimization algorithms on the performance of neural network in 

forecasting assets in the Moroccan market. 

 

The project will be carried out in a series of steps in order to attain the desired results and to 

obtain the target answers. The first part will compromise the analysis of deep learning and 

how we use it to forecast by mainly focusing on one major product which is the MASI index 

of the Casablanca Stock Exchange Market. We are going to demonstrate what MASI index 

represents in the Moroccan Market. Also, a historical overview will be made especially in the 

period of Covid-19 to capture the changes of this index using deep learning. The second part 

will emphasis on the impact of optimization approaches on the performance of Neural 

Network in assets prediction by investigating on the several optimization algorithms. The 

third part will be based on the deep neural network nodes and layers connections and how we 

can manage to use only a part of these connections but still obtain good results in terms of 

prediction.  

 

For this matter, we will conduct this study using the programming language Python, graphical 

and code implementations will be built in order to visualize the training time and performance 

of neural network.  

 

When it comes to the schedule and timetable of this project, the first week will be dedicated 

to conducting deep research and initial literature review on the use of deep learning in finance, 

the optimization algorithms, the neuron connections, and the prediction of assets. The 

following weeks will consist of data collection and filtering. Then the codes needed will be 

implemented  using Python. Finally, the resulting graphs and codes will be compared in order 

to come up with the desired conclusions.  

 

The added value of this project is that it will help investors in making better investing 

decisions as it allows to maximize profit and wealth and minimize costs and risks. This results 

in contributing in the growth of the Moroccan economy. Hence, investigating the impact of 

optimization approaches as well as the connection between neurons on the performance of 

neural network forecasting is both a purely ethical tool as well as a well-developed approach 

that can be relied on to avoid some possible social and financial consequences.  
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APENDIX B: PYTHON CODE (MASI 2011-2020) 
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